Breast cancer is a major health problem that each year affects the lives of millions of women worldwide. In 2008, in the United States alone, ϳ180,000 women were diagnosed with invasive breast carcinoma (1). The use of high-throughput gene expression technologies applied to the study of human breast cancer has lead to the discovery of the "intrinsic gene signatures" that stratify human breast cancers into four subtypes that correlate remarkably well with clinically recognized breast cancer subtypes (2-6). These subtypes include "HER2ϩ," "basal," and "luminal A," "luminal B" breast cancers. HER2ϩ tumors are most frequently estrogen receptor (ER)-1 , express proliferation genes, as well as Her-2 and other genes linked to this latter locus. The basal tumors are most commonly ER negative, progesterone receptor negative and Her-2 negative. The luminal A and luminal B tumors express luminal cytokeratins, the estrogen receptor (ER), and trans-acting T-cell-specific transcription factor (GATA3).
Breast cancer is a major health problem that each year affects the lives of millions of women worldwide. In 2008, in the United States alone, ϳ180,000 women were diagnosed with invasive breast carcinoma (1) . The use of high-throughput gene expression technologies applied to the study of human breast cancer has lead to the discovery of the "intrinsic gene signatures" that stratify human breast cancers into four subtypes that correlate remarkably well with clinically recognized breast cancer subtypes (2-6). These subtypes include "HER2ϩ," "basal," and "luminal A," "luminal B" breast cancers. HER2ϩ tumors are most frequently estrogen receptor (ER)- 1 , express proliferation genes, as well as Her-2 and other genes linked to this latter locus. The basal tumors are most commonly ER negative, progesterone receptor negative and Her-2 negative. The luminal A and luminal B tumors express luminal cytokeratins, the estrogen receptor (ER), and trans-acting T-cell-specific transcription factor (GATA3).
The luminal breast cancers (both A and B subtypes) constitute ϳ70% of all human breast cancers diagnosed worldwide. In general, the luminal breast cancers are associated with favorable prognosis as compared with the HER2ϩ and basal subtypes. Nevertheless, luminal B tumors have a worse prognosis than luminal A tumors, and recent data suggest that luminal A tumors may be adequately treated with antihormonal therapy alone, whereas luminal B tumors may benefit from chemotherapy added to antihormonal therapy (7) . Despite advances in the gene expression-based stratification of human breast cancer, the molecular basis of luminal breast tumorigenesis and luminal breast cancer clinical heterogeneity is still poorly understood. This gap in knowledge is due, in part, to the well-known limitations associated with gene expression, for it is the gene products, or the proteome, and not the genes themselves that are the biochemical determinants of cell growth and metabolism. Thus, increased knowledge of the proteomic alterations associated with luminal breast cancer tumorigenesis will help advance understanding of human breast cancer and facilitate tailored interventions in select luminal breast cancer patients.
Over the past decade, research has been conducted to study the breast cancer proteome to increase the molecular understanding of breast cancer tumorigenesis beyond that from existing breast cancer gene expression data (8 -10) . Global proteomic analyses of tumor biopsies, dissected cells, human breast milk and nipple aspirate fluid, cancer cell lines, and sera and plasma provide opportunities for unbiased characterization of protein expression in breast cancer (11, 12) . Tumor tissue is likely to be the most informative sample, since proteomic analysis is conducted directly on the sample where the disease resides. However, tumor analysis is challenging, given the heterogeneity of the breast cancer tissue and the limited number of cells generally available.
Highly enriched cell populations can be obtained from heterogeneous samples by laser capture microdissection (LCM) (13, 14) . Such sample analysis can lead to detailed proteomic portraits of tumor microenvironments and, importantly, correct for potential confounding effects of stromal contamination (15) . Though such analyses are numerous in the world of gene expression studies, proteomic analyses of LCM breast tissue are limited (16 -21) . Recently, solid tumor heterogeneity at the protein level was assessed by comparing LCM-acquired breast tumor proper and stromal cells from a lymph node containing breast carcinoma (21) , and differential proteome profiles according to tamoxifen therapy responsiveness were analyzed from ERϩ, primary tumor pooled LCM samples (22) .
The combination of LCM enrichment and shotgun proteomics has the potential to reveal novel pathogenic pathways and networks by which normal breast epithelial cells progress to invasive malignant epithelial cells. Genomic and gene expression profiling of human breast cancer progression has already shown potential for the identification of molecular alterations that serve as prognostic and predictive biomarkers (2) (3) (4) 23) . Comprehensive knowledge of proteomic patterns in normal epithelium, as compared with malignant breast epithelium, would be invaluable in providing a more complete picture of the molecular entities associated with breast cancer progression.
In the present study, we performed comparative proteomic profiling of laser capture microdissected normal breast epithelium (NBE) from nine different noncancerous human mammoplasty specimens relative to microdissected malignant breast epithelium (MBE) from nine different human invasive luminal (ER positive) breast cancer specimens. Using only the limited amount of material collected by LCM (60,000 cells), a proteomic profile of each sample was separately acquired by label-free proteomics using our previously developed platform for analysis of LCM samples (24) . To the best of our knowledge, this is the most comprehensive global study that compares proteomic signatures of phenotypically normal and ERϩ invasive malignant breast epithelial cells in multiple individual samples. For each protein, the spectral index (SpI) value (25) was used as a measure of relative abundance, with differentially abundant proteins between NBE and MBE being identified by employing permutation analysis. Importantly, a number of proteins highly enriched in MBE, including both well-known and novel proteins in the context of breast cancer, were verified to be up-regulated based on immunohistostaining profiles of normal and disease tissues available in the Human Protein Atlas (HPA) (26) .
A challenge in all global expression profiling studies is to annotate the large number of observed molecular changes. Functional approaches employing DAVID or GOMiner have been used in the analysis of global proteomic profiling studies (27, 28) . Though effective, these approaches rely on strict quantitative thresholds for selecting proteins to be included and ignore the level of expression differences when scoring enriched functional terms. Gene set enrichment analysis (GSEA) was developed in the gene expression field as a powerful approach for determining functional significance of differential expression results by taking into account the quantitative nature of expression correlation (29) . Recently, GSEA has been applied, without modification, to proteome datasets to interpret global functional changes in dilated cardiomyopathy (30) .
In the present study, we modified GSEA to be suitable for the analysis of label-free quantitative proteomic data in an approach termed Protein Set Enrichment Analysis (PSEA). PSEA takes into account the quantitative level of differential protein expression measured by spectral counts to highlight biologically related proteins with strong and highly concordant expression differences. PSEA of LCM-derived MBE samples revealed significant decreased expression of cytoskeletal proteins and of proteins that are consistently negatively correlated with ERϩ human breast cancers. More importantly, many protein sets, representing proteins controlled by common transcription factors (TFs) were found, potentially suggesting a role of estrogen response element (ERE)-independent ER signaling in breast tumorigenesis. In addition, we performed a GOMiner analysis, which requires arbitrary thresholds for differentially abundant proteins, on the proteomic results. For differentially expressed proteins at the 95% confidence level, GOMiner analysis added unique biological features such as up-regulation of Golgi vesicle transport activity in MBE. Complementing PSEA with the results of standard GOMiner analysis, we are able to map extensively potential activators and targets for common TFs. Clinical Specimen-Normal breast tissue samples obtained from mammoplasty reduction specimens from women without a history of breast cancer, and breast cancer tissue samples obtained from either mastectomy or surgical excision specimens were fresh frozen within 20 mins of surgery and stored at Ϫ80°C. All tissues were obtained from the Massachusetts General Hospital between 1999 and 2002. Tissues were selected based on the abundance of target cells (normal breast epithelium and malignant invasive carcinoma cells), ease of microdissection with minimal stromal contamination, and absence of fibrocystic changes in the normal breast lobules. Nonpatient matched, rather than patient-matched, normal samples were used to avoid any potential "field effects," as previously published data have shown that closely adjacent normal tissue and cancer tissue share common genetic and proteomic abnormalities (31, 32) . Diagnostic criteria and tumor grading were described previously (33) . Patient and tumor characteristics are listed in Table I . This study was approved by the Massachusetts General Hospital human research committee in accordance with National Institutes of Health human research study guidelines.
EXPERIMENTAL PROCEDURES

Materials-Ammonium
Laser Capture Microdissection-All tissues were prepared, as previously described (34) , except that eosin was not included in the tissue staining protocol. Highly enriched populations of phenotypically normal and malignant epithelial cells were procured by an IR (wavelength, at 810 nm) laser capture method using the PixCell IIe LCM system (Molecular Devices, Mountain View, CA), as described (33) . Approximately 60,000 cells were procured per tissue sample onto ten LCM caps and subjected to subsequent proteomic analysis.
Cell Lysis, Protein Separation, and In-Gel Digestion-Captured epithelial cells were lysed directly on LCM caps with 2% lithium dodecyl sulfate in 140 mM Tris base buffer (pH 8.5) as follows. Cell lysis buffer was added to the first LCM cap, and lysis was conducted for 3 min by gently shaking at room temperature. After lysis on the first cap, the whole volume of the cell lysate was transferred to the next LCM cap, and 3 min lysis was again performed. This process was repeated throughout the ten LCM caps to obtain one complete sample. After cell lysis, all processed LCM caps were washed with fresh buffer, and the wash solution was added to the collected cell extract. The resulting extract (ϳ25 l in total per sample) was directly loaded onto a NuPAGE ® Novex 4%-12% gradient gel, and the protein mixture was separated according to the manufacturer's instructions. After staining with Coomassie Blue (SimplyBlue SafeStain, Invitrogen), the gel was cut into three sections for the molecular weight ranges of Ͼ 50 kDa, 20 -50 kDa, and Ͻ 20 kDa.
Each gel section was separately subjected to in-gel tryptic digestion as described previously (24) . Briefly, proteins were reduced and alkylated, and incubated with trypsin for 18 h at 37°C. Protein digests were first collected by dehydrating the gel pieces, and the remaining digest in the dried gel was further removed by the extraction buffer (1:2 (v/v) 5% formic acid/acetonitrile). The total extract was dried down in a vacuum centrifuge and stored at Ϫ80°C.
Liquid Chromatography/Mass Spectrometry-The protein digests were analyzed by capillary reversed phase liquid chromatography, on-line coupled to a hybrid LTQ-FT MS (Thermo Fisher Scientific, San Jose, CA). The nano-reversed phase liquid chromatography system was composed of an Ultimate 3000 nano-LC pump (Dionex, Sunnyvale, CA), a 75 m i.d. (35, 36) in which the sample was loaded onto the trap column and desalted at a flow rate of 1 l/min. After sample desalting, the flow was directed to the analytical column at 200 nL/min. Mobile phases A and B were 0.1% formic acid in water and 0.1% formic acid in acetonitrile, respectively. A three-step linear gradient was employed for the gradient separation (2% B to 30% B in 50 min, 30% B to 60% B in 10 min, and 60% B to 80% B in 5 min).
MS data were collected in the data dependent mode; MS scans were acquired in the FTMS from m/z 400 to 2000 with a mass resolution of 100,000 at m/z 400 with up 2 ϫ 10 6 ions, which significantly improved sensitivity of analysis while reducing mass accuracy. Up to ten MS/MS scans were collected in the linear ion trap for every FTMS scan with the dynamic exclusion set to 60 s, and the normalized collision energy for collision induced dissociation 35%. Data Processing-The DTA files were generated from acquired MS/MS scans by Extract-MSn (Version 4.0, Thermo Fisher Scientific) and these files were searched against the human SwissProt annotated database (Version 57.9, October, 2009, 20,342 entries including common contaminants) merged with a database containing reversed sequences by using the Sequest algorithm (cluster version 27 rev. 12, Thermo Fisher Scientific) within the Computational Proteomics Analysis System (Version 9.10, Labkey Software Foundation) (37) . Cysteine carbamidomethylation was included as a fixed modification, but no variable modification was considered. Mass tolerances were set to 2.5 Da for the precursor ions and 1.0 Da for the fragment ions. Full tryptic enzyme specificity was applied with up to two missed cleavage sites. Identified peptides were filtered by Xcorr Ն 1.9 for 1ϩ ions, Ն 2.2 for 2ϩ ions, and Ն 3.8 for 3ϩ ions, PeptideProphet (Institute for Systems Biology, Seattle, WA) probability Ն 0.9, and after correction for missassigned monoisotopic peaks with the mass accuracy of the precursor ions Յ50 ppm. Higher mass tolerance was needed to account for a higher number of ions in the FTICR cell; however, run to run mass accuracy was below 5 ppm.
ProteinProphet (Institute for Systems Biology, Seattle WA) was used to assign peptides to protein groups rather than to specific proteins because some peptides could be found in multiple proteins. Only protein groups with probability Ն0.9 were considered. In order to compare protein groups across multiple samples, a perl script was written to generate a master list of protein groups using peptides identified in all samples. Next, protein groups found in individual samples were matched to the master list. Protein groups identified in individual samples that were found to be subsets of a particular master protein group were considered identical, which simplified assignment of proteins identified in different samples. In rare cases, when the individual sample protein group was not consistent with any group in the master list, e.g. the match was to more than one master protein group; such groups were reported separately and were not used in subsequent analysis. It should be noted that, for simplicity, the term "protein" rather than "protein group" is used throughout the paper.
Identification of Differentially Abundant Proteins by Spectral Index (SpI)-Spectral counts, i.e. the total number of MS/MS spectra assigned to a particular protein, in individual samples were normalized by the total number of spectral counts identified in each sample (38) . The spectral index (SpI) (25, 39) was next calculated to determine proteins with differential abundance between normal (NBE) and malignant breast cancer (MBE) specimens (see supplemental material for SpI formula). In order to determine SpI values corresponding to statistically significant differences in abundance, permutation analysis was performed (25) . Briefly, normalized spectral count data of NBE and MBE samples were randomized 2000 times by reshuffling phenotype class labels, and SpI values for all proteins were calculated for each of the randomized datasets. Then, a frequency distribution of all SpIs values, i.e. empirical null distribution, was plotted, and SpI values corresponding to, for example, 95% statistical significance were determined as the 2.5 and the 97.5 percentile of this distribution.
Protein Set Enrichment Analysis (PSEA)-Enrichment of specific protein sets, built from annotated gene sets contained in the molecular signatures database (MSigDB v2.5, http://www.broadinstitute. org/gsea/msigdb/), were computed from the total list of proteomic results. A GSEA-type enrichment score (ES) using SpI as the abundance metric to weigh ranked proteins with a running sum statistic was implemented, as previously described (29) . The ES was taken as the maximum positive or negative deviation of the running sum statistic from zero. Each of the 5452 annotated protein sets in MSigDB was matched against all 1623 proteins detected in our samples. Out of the all protein sets in MSigDB, 876 protein sets matched our data with at least 25 proteins. For each of these matched protein lists, an SpI-based ES for the original dataset and 20,000 phenotype class label permutations were computed to facilitate estimation of the false discovery rate (FDR). As described (29) , ES values for each protein list were mean normalized across sample label permutations to yield a normalized enrichment score, whose distribution across the observed and permuted datasets was used to compute a q-value for each protein list. Protein sets with q-value Ͻ0.25 (FDR Ͻ25%) were considered as significantly enriched sets. Similarly as in GSEA (29), "Leading edge" protein subsets were computed for each significant protein set by selecting the proteins with more extreme rank than the rank corresponding to the ES value. The PSEA algorithm, which uses the SpI for ES calculation for the proteomics data, was implemented in MATLAB R2009b (Mathworks, Natick, MA). PSEA is available upon request.
Myoepithelial Marker Analysis-Myoepithelial marker expression was analyzed in our dataset by constructing a "normal myoepithelial" marker list based on the data from ref (40) , where a transcriptomic analysis of flow sorted myoepithelial cells in normal breast tissue using serial analysis of gene expression (SAGE) was conducted. Briefly, 171 genes identified in that study were used as "statistically significantly more abundantly expressed in myoepithelial cells and myofibroblasts than in all other cell types combined." Because these genes were identified from the analysis of both normal and malignant myoepithelial cells and myofibroblasts, this list was filtered down to 108 genes that displayed at least 10 SAGE counts of gene expression in normal myoepithelial cells, to yield the "normal myoepithelial marker" list. It was found that 29 of these 108 genes had measurable protein expression in our dataset.
Gene Ontology Analysis Using GOMiner-Gene ontology (GO) terms for identified proteins were extracted, and overrepresented functional categories for differentially abundant proteins were determined by the high throughput GOMiner tool (National Cancer Institute, http://discover.nci.nih.gov/gominer/) (28) . All proteins that were subjected to SpI analysis served as the background list, and GO terms with at least five proteins were used for statistical calculations. A p value for each term was calculated via the one-sided Fisher's exact test, and FDR was estimated by permutation analysis using 1000 randomly selected sets of proteins sampled from the background list. Statistically significant (FDR Ͻ25%) GO terms were clustered based on the correlation of associated proteins to minimize potential redundancy in significant GO terms.
RESULTS AND DISCUSSION
Proteomics Work Flow-The proteomic work flow used in this study is summarized in Fig. 1A . Given the cellular heterogeneity of breast tissue, LCM was performed as a means to obtain a highly enriched in situ population of epithelial cells. Fig. 1B depicts pre-and postmicrodissected tissue images and procured cells. An infrared laser capture rather than a UV cutting microdissection approach was selected, as the thermal energy required by the latter approach could potentially damage cells and reduce protein harvest yield when microdissecting small tissue structures such as normal breast epithelial acini (14) . Approximately 60,000 cells were collected from multiple consecutive tissue sections using 10 LCM caps per sample. After cell lysis and SDS-PAGE separation (Fig.  1C) , the gel was cut into three sections and subjected to in-gel digestion, followed by LC-MS (Fig. 1D) . Interestingly, after a total of 60 liquid chromatography/mass spectrometry runs, only ϳ3% of the total unique peptides identified were found in more than one gel section.
Because of the minimal amount of available sample, proteomic analysis was conducted using label-free quantitation, thus minimizing potential sample losses during the labeling procedure. Our study focused on determining the protein abundance changes that are consistent across the 9 MBE and 9 NBE samples, rather than determining exact protein abundance ratios between individual MBE and NBE samples. In addition, the spectral counting method used in this work has been shown to be more sensitive to protein abundance changes (38) and to provide a broader dynamic range (41) than label free quantitation methods based on chromatographic peak area.
Protein Identification-From the 18 samples, 12,970 unique peptides were identified with a peptide FDR Ͻ 3%. In total 2588 proteins were identified, with 1715 proteins found to have at least two unique peptides (1693 proteins) or a single peptide identification with two different charge state assignments (22 proteins) (protein FDR Ͻ 0.3%). For subsequent analyses, 1623 proteins from the above 1715, which were detected in at least 2 out of 18 samples, were selected for further examination. Detailed information on the 1623 proteins can be found in Supplemental Tables S1A, B, and C.
As shown in Figs. 2A and B, the distribution of the number of proteins identified across the MBE and NBE samples varied in a narrow range (11.1% relative standard deviation for each group), and the distribution of the spectral counts corresponding to these proteins was also narrow (13.1% and 14.4% relative standard deviation, respectively). Of the 1623 proteins, the number of identified proteins found in both the NBE and MBE samples was 1336 (82.3% overlap), whereas the number of proteins identified exclusively in MBE and NBE were 193 and 94, respectively. The distributions of mean spectral counts for proteins identified exclusively either in the MBE or NBE samples, relative to the number of detection events, i.e. the number of samples in which a particular protein was detected, are shown in Fig. 2C . Proteins with a high number of mean spectral counts and high detection occurrences can be regarded as phenotype-specific, potential candidate biomarkers. Log ratios of spectral counts between MBE and NBE for the commonly detected 1336 proteins were plotted according to the number of detection events (Supplemental Fig. S1 ). Highly differentially abundant proteins can be considered as potential candidate biomarkers. In order to evaluate reproducibility of the proteomic analyses in more detail, pairwise comparisons of the spectral counts for proteins identified in individual samples were generated. In order to limit the effect of a few proteins with a high number of spectral counts, log normalized spectral counts were used for these comparisons. Because there were nine samples per group, 153 nonredundant sample pairs could be constructed; Supplemental Fig. S2 shows a subset of this data for 36 plots corresponding to all NBE sample pairs. In order to provide a visualization of similarity of individual samples for all 153 pairs, Pearson correlation was used as the distance metric for clustering of samples (see Supplemental Fig. S3 for the resulting dendrogram) . In order to minimize the effect of bias in sample preparation and liquid chromatography-MS, all samples were analyzed blind. Significantly, samples separated into two large clusters corresponding to NBE and MBE. These results demonstrate that the spectral counts for individual proteins were reproducible across sample groups and that the measure is thus suitable for assessment of protein abundance in this work. In addition, further examination of this data using multidimensional scaling indicated higher similarity for proteins in the NBE than the MBE samples, reflecting greater protein variability in individual MBE samples.
Determination of Differentially Abundant Proteins by Spectral Index Analysis-The SpI values were calculated for the 1623 identified proteins, and the SpI distribution is shown in Supplemental Fig. S4A . Proteins with statistically significant SpI values were determined by permutation analysis (25) . The frequency distribution of SpI values for 2000 randomly permuted sample phenotype classes (see Supplemental Fig.  S4B ) and the ranges encompassing 99%, 95%, and 90% of all SpIs were determined to be SpI Ͻ 0.556, 0.422, and 0.343, respectively. A total of 298 proteins were found to be FIG. 2. A, Boxplot for the distribution of 1623 proteins across MBE and NBE samples. B, Boxplot for the distribution of total spectral counts for 1623 proteins across the MBE and NBE samples. C, Venn diagram for the distribution of proteins between the MBE and NBE samples and the mean spectral count distribution of MBE-specific (lower right) and of NBE-specific (lower left) proteins according to detection occurrences. differentially abundant at 95% confidence level, decreasing to 121 proteins at the 99% level; these proteins are listed in Supplemental Table S2A and B.
Generally, verification of quantitative proteomic results involves immunohistochemical (IHC) analysis with monoclonal antibodies. Because of the expense and effort in developing such IHC only a few proteins are ever examined. Rather than performing IHC analysis on a minimal number of proteins in-house, we took advantage of IHC data available in the Human Protein Atlas (HPA ver. 5.0, 8832 antibodies and 7,334,244 images) (26) . As an unbiased approach, we randomly selected proteins from the most significant differentially abundant proteins (121 proteins at the 99% confidence level) and assessed HPA IHC data. Because not all proteins are adequately represented in the HPA with sufficiently high quality image sets or with high quality antibodies, we assessed 44 random proteins in our list to accumulate 25 proteins that met the following IHC quality assessment criteria: (1) more than one normal breast sample reported; (2) eight or more breast cancer samples reported; (3) the HPA antibody verification score was moderate (staining pattern consistent with experimental and/or bioinformatic data) or high (two independent antibodies targeting one protein yielding similar staining patterns consistent with experimental and/or bioinformatic data). For IHC data meeting our quality assessment criteria, HPA images were manually inspected and staining visually quantified to determine (1) whether the protein of interest was overexpressed, unchanged, or underexpressed in MBE relative to NBE and (2) whether differential expression was localized to a particular tissue compartment (e.g. myoepithelial or epithelial cells). Of the 25 randomly selected proteins, 19 (Ͼ75%) were found to have concordant SpI-based proteomic differential expression with that determined by IHC (Table II) . Five of the six proteins demonstrating apparent discordant results were determined to be down-regulated in tumor samples by SpI whereas unchanged by IHC. There are at least two possible explanations for these apparently discrepant results. First, the five proteins with equivocal expression by IHC may be differentially expressed to a degree that is undetectable with the relatively limited dynamic range of immunoperoxidase IHC staining. Second, it is important to note that the breast cancer subtypes (e.g. luminal, basal etc.) are not specified in the HPA database whereas our cancer tissue samples are of the luminal subtype. Thus, given that human breast cancers demonstrate subtype-specific proteomic expression, it is possible that luminal subtype is underrepresented in the HPA IHC analysis of one or more of the six discordant proteins. Taken together, it can be concluded that the results in Table II are a verification of our SpI-based quantitative proteomic data.
In addition to the randomly selected 25 differentially expressed proteins (99% confidence level) in Table II , we selected several high confidence (99%) differentially expressed proteins for verification that are known to be important in breast cancer. For example, fibronectin (SpI ϭ 0.991) is a protein known to be up-regulated in primary breast tumors (42, 43) , and a recent study showed increased fibronectin gene expression in laser microdissected cells of invasive lobular and ductal carcinoma, relative to normal cells (44) . In addition, a fibronectin-dependent mammary epithelial cell morphogenesis study found that fibronectin may play a key role in breast cancer progression by reversing growth arrest, disrupting acinar structure, and reinitiating cell growth (45) . Another protein, major vault protein (SpI ϭ 0.865) (included in Table II) , showed consistent overexpression in breast cancer tissue in HPA database. Direct interaction among major vault proteins, vault RNA, and the estrogen receptor (ER) was identified in a MCF-7 breast cancer cell line by immunoprecipitation (46) . Finally, anterior gradient protein 2 homolog (AGR2, SpI ϭ 0.763) has been shown to be up-regulated in breast cancer at both the RNA and protein levels and its expression was found to be strongly correlated with ER positivity (47) (48) (49) (50) .
Differential expression of two novel MBE-enriched proteins, isoleucyl-tRNA synthetase, mitochondrial (SpI ϭ 0.673) and ⌬(3,5)-⌬(2,4)-dienoyl-CoA isomerase, mitochondrial (SpI ϭ 0.564), were also in agreement with IHC profiles in HPA. These two proteins have no previous association with breast cancer. Isoleucyl-tRNA synthetase, mitochondrial catalyzes ATP-involved attachment of isoleucine to its related tRNA. This protein belongs to class Ia aminoacyl-tRNA sythetases that recognize hydrophobic amino acids including Ileu, Leu, Val, Met, Cys, and Arg (51-53). Generally, aminoacyl-tRNA sythetase plays a critical role in translation of genetic information during protein synthesis, and their functional connection to diseases, such as neuronal diseases, cancers, and autoimmune diseases, have been reviewed (54) . Turning to ⌬(3,5)-⌬(2,4)-dienoyl-CoA isomerase, mitochondrial, the protein, known to be localized at both peroxisomes and mitochondria, is involved in fatty acid ␤-oxidation pathways. In rats and mice, ⌬(3,5)-⌬(2,4)-dienoyl-CoA isomerase, mitochondrial, has been shown to be regulated by peroxisome proliferator-activated receptor ␣, a receptor that which plays a key role in peroxisome proliferator-induced carcinogenesis (55) (56) (57) (58) . Further study of these two novel proteins in breast cancer is required. IHC profile details of all proteins discussed earlier are listed in Supplemental Table S3 .
Protein Set Enrichment Analysis (PSEA)-Beyond examining lists of proteins, we sought to obtain biological insight into breast cancer from our data by employing sophisticated annotation tools, namely PSEA. Importantly, unlike enrichment approaches that use the Fisher's exact test to determine statistical significance, PSEA does not require a priori specification of differentially abundant proteins based on a significance threshold. Instead, as for GSEA, PSEA uses the complete list of identified proteins along with their relative abundances expressed by SpIs. As a result, PSEA reduces the chance that a particular protein set is missed because some proteins below the significant threshold may not be included in the differentially abundant list. PSEA also preferentially weighs functional protein sets with strong (i.e. high SpI) and concordant abundance changes (e.g. down-regulation, up-regulation) relative to protein sets showing weak and discordant differential abundances. In contrast, commonly used enrichment-based tools, such as DAVID or GOMiner (27, 28) , only examine proteins above the significance cutoff level, and do not explicitly take into account the extent or direction of change in abundance of the included proteins.
PSEA was applied to our proteomic data, and representative results are displayed in Fig. 3 . Members of the protein set "V$SRF_Q5_01" (binding motifs for the serum response factor (SRF)) were highly enriched at the negative extreme of the SpI distribution, yielding an ES value of Ϫ0.51 (Fig. 3, top panel) . As shown in the middle panel of Fig. 3 , the statistical significance of the calculated ES value was evaluated using a null distribution of ES constructed by permuting the phenotype class label 20,000 times. The original ES was found to be significant with a p value of 0.005 and q-value (FDR) of 0.20 (20%). In addition, as shown in the heat map of normalized spectral counts (Fig. 3, bottom panel) , there is a clear difference between the MBE and NBE samples with respect to leading-edge proteins (labeled in bold), indicating a significant change in abundance for proteins that belong to the V$SRF_Q5_01 set. Using PSEA, 35 molecular signature database (MSigDB)-derived protein sets were found to be significant in the proteome dataset at the FDR cutoff of 25%, and these groupings were composed of 12 "curated," 10 "motifbased," 8 "computational," and 5 Gene Ontology-based protein sets. Statistical measures, associated proteins, and leading-edge proteins for the significant protein sets are listed in Supplemental Table S4 . Intriguingly, all significant protein sets found in our analysis were found to be downregulated in MBE (i.e. associated with an normalized enrichment score Ͻ0).
Consistent with previous studies (59 -62), breast carcinomas showed decreased expression of structural cytoskeletal proteins (actin cytoskeleton, structural molecule activity, cytoskeletal protein binding) (Fig. 4) . Tumors were significantly depleted in proteins containing an extracellular region, with collagens (CO6A3, CO7A1, COFA1, and COIA1), laminins (LAMC1, LAMC1, and LAMB2), transforming growth factor ␤, fibrinogen, serpin peptidase inhibitor, lumican, 14-3-3 protein , and hemopexin, forming the leading edge.
Another result in the PSEA of the ER-positive breast tumor samples was the significant down-regulation of proteins encoded by "genes whose expression is consistently negatively correlated with estrogen receptor status in breast cancer" (BRCA_NEG_ER, Supplemental Table S4 and Fig. S5 ). We   FIG. 3 . Protein set enrichment analysis (PSEA). An enrichment score for the protein set is computed as the minimum of the running sum statistic, which is plotted in the top panel. Vertical notches on the spectral index, SpI, bar plot (middle panel) represent members of the protein set that were detected in our study, each of which contribute to the running sum statistic in proportion to their SpI value. The "leading-edge" members of the protein set (see Experimental Section), which drive the enrichment score, are represented by bold notches in the SpI bar plot. Each notch is represented by a column in the protein expression heat map shown in the bottom panel, where "leading edge" proteins are labeled in bold. The heat map intensities for each protein are scaled relative to the highest expression level of that protein across all samples. The PSEA example shown here is for the protein set "V$SRF_Q5_01," corresponding to genes with promoter regions [-2kb, 2kb ] around the transcription start site containing the motif for: serum response factor (c-fos serum response element-binding transcription factor).
also found down-regulation of proteins associated with several "computational" protein sets derived from module network analysis of cancer related gene expression data (Supplemental Table S4 and Supplemental Fig. S6 ). Significant down-regulated sets from this group include "developmental processes" (module_220) and "adhesion molecules" (module_122). These results are consistent with processes of de-differentiation and loss of cell adhesion that are known to occur in cancer cells.
Importantly, enrichment of multiple protein sets associated with transcription factor (TF) binding motifs were found (Fig.  5) . The most significant were down-regulated protein sets associated with motifs for the TFs, activator protein 1 (AP-1), nuclear factor -light-chain-enhancer of activated B cells (NF-B), sterol regulatory element binding protein1 (SREBP1), serum response factor (SRF), P53, and SMAD. Because these motif-based lists were built purely from sequence analysis, activating or inhibitory relationships have not been determined for most of these target genes (29) . Down-regulation of TF-related target genes can result from decreased TF activity or an inhibitory effect of the TF on target genes. It should be stressed that, although we did not directly detect these transcription factors in our proteomic analysis, the proteomic results implicate specific regulatory pathways in breast tumorigenesis based on measurement of downstream targets of these TFs.
The observation of differential abundance of proteins with genes containing AP-1 and NF-B motifs in ERϩ tumors provides an intriguing intersection with previous knowledge regarding ER nuclear signaling. Estrogen classically exerts its transcriptional effects through ligand dependent ER binding of estrogen response elements (ERE) (63) . ER also functions through the nonclassical "ERE-independent" estrogen signaling pathway by modulating the activities of AP-1, NF-B, and other TFs on their cognate transcriptional targets that lack the ERE in their promoter regions (64, 65) . ER is specifically known to inhibit the DNA-binding activity of NF-B (66). Indeed, the majority of leading-edge proteins for both AP-1 (25 out of 34) and NF-B (four out of five) are not associated with an ERE in the promoter region of their gene. Our proteomic results thus suggest ERE-independent estrogen signaling through these TFs could be a major participant in breast tumorigenesis, strengthening the results of a previous transcriptomic study (67) . Protein sets corresponding to SRF and SREBP binding motifs were significantly down-regulated in breast tumors in the dataset (Supplemental Table S4 ). SRF interacts with AP-1 to regulate multiple genes in the early response to growth factor stimulation following serum starvation in cultured cell lines (68) . SRF is critical for embryogenesis, mesoderm formation, and skeletal muscle growth and has recently been shown to be necessary for experimental metastasis in a breast cancer xenograft model (69) . The differential expression of proteins associated with SRF binding elements may thus be related to EREindependent ER signaling. SREBP1 is a sterol regulatory element-1 binding factor associated with the transcription of sterol dependent genes, such as the low-density lipoprotein receptor. SREBP1 has been previously shown to bind estrogen receptor (70) ; however, neither this protein nor its target genes have previously been implicated in breast cancer.
TP53 is frequently mutated and functionally inactivated in many breast cancers (71) . Our finding of significant downregulation of multiple putative TP53 targets in breast cancer, including leading edge proteins such as glutathione peroxidase 1, lipoma-preferred partner, annexin A1, caldesmon, keratin, type I cytoskeletal 15, and myosin-11, suggest that the expression of these proteins may be positively regulated by TP53 in normal cells. Indeed, the transcription of two of these proteins (annexin A1and keratin, type I cytoskeletal 15) has been shown to be dependent on TP53 in human cells (72, 73) .
SMAD3 is known to be inhibited by estrogen receptor activation in human cells (74, 75) . Smad gene expression has been shown to decrease in breast cancer, and expression correlates with an invasive phenotype (76) . PSEA found negative enrichment of SMAD targets, including leading-edge proteins, spectrin ␣ chain, brain, transgelin, caldesmon, he- mopexin (HEMO), and laminin subunit ␣-3 and ␤-3 (LAMA3 and LAMB3). Of these, one (transgelin) has been shown have its transcription directly activated by SMAD (77) . Though SMAD3 expression was not measured in our samples, the down-regulation of this (and other) SMAD targets is consistent with inactivation of this pathway in breast tumors. Other significant curated protein sets are discussed in Supplemental Information.
PSEA was also used to explore differential admixture of myoepithelial cells in tumor versus normal breast epithelium and examine any contribution of this difference to the enrichment results. LCM is unable to separate normal breast epithelium from admixed myoepithelial cells resulting in potential selective enrichment of myoepithelial proteins in NBE samples as compared with MBE samples. Thus, myoepithelial contamination in NBE samples could potentially lead to enrichment of myoepithelial markers among the down-regulated protein sets. This possibility was investigated by assessing enrichment of myoepithelial specific markers in the proteomic dataset. For a list of myoepithelial specific proteins, we used genes identified in a global transcriptomic analysis of flow cytometry purified subpopulations of the normal breast tumor microenvironment (40) . PSEA scoring of this list against our expression data showed significant down-regulation of myoepithelial proteins in MBE (Supplemental Fig. S7 ). However, these myoepithelial proteins comprised only a small fraction of significant protein sets and their leading edges (Supplemental Table S5 ). This analysis suggests that the relatively low level of myoepithelial cell contamination in our NBE samples is not impacting the PSEA results.
Gene Ontology Term Enrichment Analysis-GOMiner analysis, one of the well-known functional GO term enrichment analysis tools, was also performed with the present LCM derived dataset. As noted earlier, GOMiner requires a specific list of proteins or genes that statistically discriminate one state from another. In this work, differentially abundant proteins at the 95% confidence level were arbitrarily selected for annotation analysis, and GO terms were then compared with those from the total of 1623 proteins. Statistically significant (FDR Ͻ25%), overrepresented 60 GO terms associated with the 298 proteins could be clustered to nine functional categories (Supplemental Table S6 and S7). Six of these categories that are representative of all the results are shown in Fig. 6 .
In agreement with the PSEA results, GOMiner annotation finds that the majority of proteins (69%) relating to the extracellular region, extracellular matrix, and cell adhesion were down-regulated in MBE. At the same time, and importantly, GOMiner analysis adds, beyond PSEA, several statistically significant biological features, e.g. up-regulation of Golgi vesicle transport, down-regulation of antigen binding, and upand down-regulation in calcium ion binding related components in MBE. These additional findings revealed by GOMiner are likely related to protein sets that are not included in the MSigDB database that underlies PSEA. Additional complementary findings by GOMiner are discussed in the following.
GOMiner analysis also discovered significant alterations in lipid metabolism between normal and tumor breast epithelium. These changes included proteins involved in lipid binding, transport, and sterol binding and biosynthesis. Most of these significant sets were formed by a mixture of up-regulated and down-regulated proteins, with the exception of "sterol metabolic process" and "sterol binding." These results provide an intriguing connection with the significantly reduced expression of downstream targets for the sterol-regulatory process (SREBP1 binding motifs) observed with PSEA. Interestingly, leading-edge proteins of the SREBP1 set have minimal overlap (only one protein, RABP1) with proteins in the lipid metabolism cluster constructed from GOMiner results. These results point to different components of a potentially complex signaling steroid metabolism pathway that appears to be significantly altered in breast carcinoma.
Additional comparison of GOMiner and PSEA analyses points to potentially novel regulatory circuitry connecting altered NF-B and SMAD signaling to breast tumorigenesis. GOMiner revealed significantly altered expression of "I-B kinase/NF-B cascade" in MBE, with the majority of proteins demonstrating up-regulation in MBE. Literature based follow up revealed six of seven of these up-regulated proteins have been implicated in the direct activation of NF-B. For example, peroxiredoxin-4 is known to activate NF-B via modulation of IB-␣ phosphorylation in the cytoplasm (78) , and genes for bone marrow stromal antigen 2 and peptidyl-prolyl cis-trans isomerase FKBP1A have been identified as potential activators of NF-B (79). Interestingly, NF-B transcriptional targets were found to be significantly down-regulated by PSEA. A similarly relevant signalingbased GO category is SMAD binding, which consists primarily of down-regulated proteins. Interestingly, proteins in this GO category show no overlap with the SMAD motif protein set found to be significantly down-regulated in MBE by PSEA. Taken together, our analyses suggest breast tumors may be associated with reduced SMAD signaling and repression of downstream SMAD signaling pathways. The results from the combined PSEA and GOMiner analysis merit more focused functional studies.
CONCLUSIONS
Comparative proteomic analysis of breast epithelium was performed using a combination of LCM and shotgun proteomics. To our knowledge, this work is the most comprehensive study comparing direct proteome signatures obtained from homogeneous cell populations of phenotypically normal and ERϩ invasive malignant breast epithelium. The key features of this study included separate processing of each sample, thus providing a measure of biological variability. Furthermore, consistent proteomic profiles across 18 samples were obtained using a robust shotgun proteomics protocol. Nine biological replicates for each phenotype proved to be a good balance between the statistical significance and time necessary for analysis.
Highly MBE-enriched proteins were found to correlate well with tissue IHC profiles deposited in the Human Protein Atlas. This agreement suggest that our proteomics results may not be restricted to ERϩ breast cancer samples, but may be generalized to all breast cancer subtypes, given the diversity of breast cancer subtype samples in the HPA database.
Global changes in multiple protein signatures, according to breast epithelial malignancy, were functionally assessed by employing PSEA, an annotation method that uses the complete quantitative profiles of all identified proteins with no arbitrary cutoffs. PSEA of ERϩ breast epithelium not only found many confirmatory biological findings but also revealed significant changes of downstream targets for a number of common transcription factors. This result suggests that EREindependent ER signaling could be a key pathway in breast cancer progression. GOMiner analysis with 298 differentially abundant proteins at or above the 95% confidence level provided complementary results to PSEA, and the combination of the two approaches revealed extensive insights into the molecular participants involved in signaling cascades.
PSEA is applicable to any quantitative proteome dataset, and the flexibility of PSEA allows exploration of proteome datasets in many different biological contexts. For example, PSEA using the proteome-unique sets, such as protein-protein interaction database, could provide biological insights that are distinguished from those by genome-based annotations. Furthermore, inclusion of all differentially abundant proteins or genes with PSEA will avoid missing possible important biological relationships behind target candidates (e.g. drug targets and biomarkers).
Future studies will include correlation analysis between a previously reported transcriptome dataset (33) and our proteome dataset, which can lead to significant additional protein networks and provide further insight into the biology of breast cancer progression. In addition, comparing proteome profiles of phenotypically normal epithelium in noncancerous and cancerous breast tissues from the same patient could be interesting, because normal tissue in close proximity to breast carcinoma has been known to lose its heterozygosity (31) . Such findings should broaden our understanding of the molecular boundary between benign and malignant breast diseases.
